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Abstract
PDDL+ is a planning formalism designed to model mixed
continuous-discrete problems. Despite its expressiveness, the
absence of a well-established framework for evaluating plan
quality makes it challenging to use PDDL+ in applications
where plan shape and quality are crucial.
This paper addresses this issue by introducing a compre-
hensive set of plan cost functions tailored for discrete-time
PDDL+, along with a cost-preserving translation for generat-
ing cost-aware PDDL2.1 planning tasks. The plan cost func-
tions provide a theoretical ground for assessing plan quality,
whereas the translation shows their practicability by leverag-
ing the connection between PDDL+ and PDDL2.1.

Introduction
Automated planning addresses the problem of synthesising
sequences of actions to achieve a goal, starting from an ini-
tial state and following a formal model. The planning com-
munity has designed several formalisms to represent realis-
tic problems (Cesta and Oddi 1996; McDermott et al. 1998;
Fox and Long 2003; Sanner 2010). Among these, PDDL+
stands out as one of the most expressive (Fox and Long
2006). Inspired by hybrid automata (Henzinger 1996; Hen-
zinger et al. 1998), PDDL+ allows the modelling of hybrid
discrete-continuous problems that incorporate numeric and
temporal features (Bonassi, Gerevini, and Scala 2024).

A key feature that sets PDDL+ apart from other plan-
ning formalisms is its capability to blend agent-oriented ac-
tions with environmental dynamics through processes and
events. These elements differ in their nature: actions repre-
sent potential transitions controlled by the agent, while pro-
cesses and events involve must transitions that occur when
certain logical conditions are met. More in detail, processes
describe how the system’s numeric variables continuously
evolve over time based on ordinary differential equations,
while events represent instantaneous changes.

The modelling capabilities of PDDL+ have promoted the
application of automated planning in a wide range of chal-
lenging real-world applications (Alaboud and Coles 2019;
Kiam et al. 2020; Cardellini et al. 2021; Aineto et al. 2023;
Alon et al. 2024; Kouaiti et al. 2024) and even physics-
based games (Piotrowski et al. 2023). However, despite its
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expressive power, the challenge of evaluating plan quality
in a domain-independent manner remains underexplored.
A significant limitation is the lack of a well-established
framework for evaluating plan quality, which hampers the
ability to generate quality-aware plans. This is reflected in
the lack of explicit support for plan quality in state-of-the-
art domain-independent PDDL+ planning engines. For in-
stance, SMTPLAN+ (Cashmore, Magazzeni, and Zehtabi
2020) encodes PDDL+ problems into a satisfiability mod-
ulo theory formulation, focusing solely on goal achieve-
ment without considering plan quality. ENHSP (Scala et al.
2016), although originally designed for numeric planning,
extends its heuristics to PDDL+ in an ad-hoc manner that
does not fully capture the language’s specific features. UP-
MURPHI (Penna, Magazzeni, and Mercorio 2012) relies
on explicit model checking and exhaustive search, priori-
tising completeness and goal achievement over optimisa-
tion; however, its breadth-first strategy often produces plans
with near-optimal makespan. DINO (Piotrowski et al. 2016)
builds upon UPMURPHI by introducing heuristic guidance
to improve scalability, but it also lacks explicit mechanisms
for optimising plan quality or makespan. Overall, no planner
explicitly manages plan quality. However, heuristic-based
planners tend to be biased against makespan by treating wait
actions, which correspond to an agent’s decision to let time
pass, as if they were domain actions. A notable exception
is the work by Say (2023), although it is not framed in
PDDL+.

To address this gap, we formalise a comprehensive set of
cost functions designed for PDDL+ plans. Here we focus
on discrete-time PDDL+, a key approach commonly used
by planning engines and practical applications to manage
the complexity of planning tasks (Penna, Magazzeni, and
Mercorio 2012; Fox, Long, and Magazzeni 2012; Piotrowski
et al. 2016; Piotrowski and Perez 2024).

In particular, the plan cost functions we introduce fall into
two categories. The first comprises extensions of numeric
and temporal planning cost functions (Fox and Long 2003),
which naturally align with the language syntax. These func-
tions, however, have not yet been formally defined in this
context. The second comprises functions inspired by con-
trol theory, reflecting the influence of hybrid automata on
the language design (Bogomolov et al. 2014, 2015).

To study the practicability of these plan cost functions, we
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illustrate how to extend an existing translation of discrete-
time PDDL+ planning tasks into equivalent PDDL2.1 ones
(Percassi, Scala, and Vallati 2023), making them cost-aware.
This contribution shows that the proposed cost functions can
be exploited to guide plan construction, enabling optimisa-
tion during planning rather than post-hoc evaluation.

Background
In this section, we provide the necessary background on
discrete-time PDDL+, numeric planning, and the approach
for solving PDDL+ via translation to numeric planning.

Discrete-Time PDDL+
A discrete-time PDDL+ planning task Π is a tuple
⟨F,X, I,G,A,E, P ⟩ along with a time discretisation step
δ ∈ Q+, where each element is defined as follows. F and
X are finite sets of Boolean and numeric variables. A state
s is a total mapping from F to {⊥,⊤} and from X to Q.
Given a set of variables V , we denote by S(V ) the set of
all total assignments over V . I is one of these states re-
ferred to as the initial state. Boolean variables can be in-
volved in Boolean conditions ⟨v = b⟩, where v ∈ F and
b ∈ {⊤,⊥}. Numeric variables can be involved in numeric
conditions ⟨ξ ▷◁ 0⟩, where ξ is an arithmetic expression over
X and ▷◁∈ {>,≥,=,≤, <}. We denote by L the language
of propositional formulae built over Boolean and numeric
conditions as atomic predicates. G ∈ L is the goal state de-
scription. A, E and P are finite sets of actions, events and
processes, respectively. Each element z ∈ A ∪ E ∪ P is
described as a pair ⟨pre(z), eff(z)⟩, where pre(z) is the pre-
condition of z and eff(z) is the effect associated with z. The
preconditions pre(z) are elements from L. For actions and
events, the effect eff(z) consists of a set of Boolean and nu-
meric effects. A Boolean effect has the form of ⟨v := b⟩
where v ∈ F and b ∈ {⊥,⊤}. A numeric effect has the form
⟨v := ξ⟩ where v ∈ X and ξ is an arithmetic expression.
(For convenience, we use two equivalent forms: ⟨incr, v, ξ′⟩
for ⟨v := v + ξ′⟩, and ⟨asgn, v, ξ⟩ for ⟨v := ξ⟩.) The effects
of processes are described as sets of discrete-time numeric
effects, expressed as pairs ⟨v, ξ⟩, where v ∈ X and ξ is an
arithmetic expression.1 We will use a, ρ, and ε to refer to a
generic action, process, and event, respectively.

A PDDL+ plan πt is a pair ⟨π, te⟩, where π =
⟨⟨a1, t1⟩, . . . , ⟨an, tn⟩⟩ is a sequence of timestamped actions
from A, and te ∈ Q+

0 is the plan’s makespan. A plan πt
is well-defined w.r.t. δ if for every i ∈ {1, . . . , n − 1},
0 ≤ ti ≤ ti+1 ≤ te holds and ti, te are multiple of δ.

Let s be a state, v ∈ F∪X and ξ an arithmetic expression,
we denote with s[v] the value assumed by v in s, and with
s[ξ] the evaluation of ξ in s. A state s satisfies a Boolean
condition, written as s |= ⟨v = b⟩, iff s[v] = b. A state
s satisfies a numeric condition written as s |= ⟨ξ ▷◁ 0⟩ iff
s[ξ] ▷◁ 0. Building on these atomic definitions, the satisfac-
tion of a formula p ∈ L by a state s, written s |= p, follows

1Specifically, ξ represents the additive contribution to the finite
difference of v over a time step δ. With a slight abuse of notation,
this means that v(t+ δ) = v(t) + ξ(t) · δ.

Algorithm 1: Plan Projection construction.

1: function PLANPROJECTION(πt = ⟨π, te⟩,Π, δ)
2: T ← ⟨0, 0⟩
3: H(T )← ⟨∅, I⟩
4: EXECUTEEVENTS()
5: for each ⟨ai, ti⟩ in π do
6: while T.CLOCK() ̸= ti do
7: TIMEFLOW()
8: HA(T )← ai
9: H(T.INCRSTEP())← ⟨∅, γ(Hs(T ), {ai})⟩

10: EXECUTEEVENTS()
11: while T.CLOCK() ̸= te do
12: TIMEFLOW()
13: return H
14: procedure EXECUTEEVENTS()
15: while E(T ) ̸= ∅ do
16: H(T.INCRSTEP())← ⟨∅, γ(Hs(T ), E(T ))⟩
17: procedure TIMEFLOW()
18: H(T.INCRTIME(δ))← ⟨∅,U(Hs(T ), C(T ))⟩
19: EXECUTEEVENTS()

the standard semantics of propositional logic. Applying an
action a in a state s yields a new state s′ = γ(s, {a}) where:

s′[v] =


b if ⟨v := b⟩ ∈ eff(a), v ∈ F
s[ξ] if ⟨v := ξ⟩ ∈ eff(a), v ∈ X
s[v] otherwise.

An action a is applicable in state s if s |= pre(a) and it
has no conflicting effects. Since actions and events share
the same syntactic structure, we also use the notation
γ(s, {ε1, . . . , εk}) to denote the state resulting from sequen-
tially applying the events in the set, in any order.

Plan validity relies on the notions of plan projection and
time points, inspired by the work of Shin and Davis (2005).
A time point T = ⟨t = δ · n, n′⟩ has clock t and counter
n′, where n, n′ ∈ N. The counter is used to order actions or
events occurring at time t. Time points are lexicographically
ordered. A plan projection H collects all transitions induced
by a plan πt, indexed over an ordered set of significant time
points (STPs) TH = {T0, . . . , Tm}. H maps each T ∈ TH
to a situation H(T ) = ⟨HA(T ),Hs(T )⟩, where HA(T ) is
the action (if any) executed at T , and Hs(T ) is the associ-
ated state. From state Hs(T ), we define the set of triggered
events as E(T ) = {ε ∈ E | Hs(T ) |= pre(ε)}. We as-
sume that Π is event-deterministic, meaning that applying
triggered events in any order leads to the same outcome, and
has finite complexity, meaning that all event cascades termi-
nate in a finite number of steps. In line with the work by Fox,
Howey, and Long (2005), this can be ensured by assuming
that mutually exclusive events are never triggered simultane-
ously, that events self-deactivate, and that each event is trig-
gered at most once per timestamp. We define the set of ac-
tive processes at T as C(T ) = {ρ ∈ P | Hs(T ) |= pre(ρ)},
referred to as the context of T . The context of a state de-
termines which processes are active at a given time point,
guiding the evolution of numeric variables.
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We define the plan projection of plan πt using Al-
gorithm 1. H is initialised with the initial state I , i.e.,
⟨HA(T ) = ∅,Hs(T ) = I⟩, where ∅ indicates no ac-
tion applied. If the clock t of T , T.CLOCK(), differs from
the action’s timestamp ti, we advance it by δ until they
match, leading to a temporal transition; if they match, we
apply action ai, resulting in an instantaneous transition.
The TIMEFLOW() procedure handles temporal transitions.
For T = ⟨t, n⟩, advancing the clock by δ and resetting the
counter yields a new STP, i.e., T.INCRTIME(δ) = ⟨t+ δ, 0⟩.
The new state is determined by the update transition func-
tion s′ = U(s, C) (Line 18). In particular, for each v ∈ F ,
s′[v] = s[v], as Boolean variables are not affected by pro-
cesses, while for each v ∈ X:

s′[v] = s[v] +
∑

⟨v̂,ξ⟩∈eff(ρ)
s.t. v̂=v, ρ∈C

s[ξ · δ]. (1)

Applying an action at T sets HA(T ) = ai (Line 9), in-
crements the counter to T.INCRSTEP() = ⟨t, n + 1⟩, and
produces a new state. After each temporal transition or ac-
tion, the EXECUTEEVENTS() procedure checks for trig-
gered events. If none are triggered, it terminates without
creating new STPs. Otherwise, it generates a new STP via
an instantaneous transition, based on the state γ(s, E(T ))
(Line 16). (Note that, under the assumption that Π is event-
deterministic, the outcome of γ(s, E(T )) is uniquely deter-
mined.) This process iterates until a fixed point is reached,
at which no further events are triggered.

After constructing the plan projection, we assess the va-
lidity of πt. The plan is valid if, for every T ∈ TH such that
HA(T ) = a, the action a is applicable in Hs(T ), and the
final state Hs(Tm) satisfies the goal G.

Numeric Planning with Costs
PDDL2.1 (level 2) (Fox and Long 2003) is a fragment of
PDDL+ in which neither processes nor events can be speci-
fied. Its original formulation allows for flexible definitions of
plan metrics, enabling the specification of any arithmetic ex-
pression involving numeric variables for optimisation, either
through maximisation or minimisation. To avoid scenarios
where there may be no optimal plan, such as when an ac-
tion can unboundedly maximise a function, and in line with
the approach of many numeric planners (Hoffmann 2003;
Gerevini, Saetti, and Serina 2008; Scala et al. 2016; Li et al.
2018; Leofante et al. 2020; Kuroiwa et al. 2022), we focus
on metrics that can be translated into a state-dependent cost
minimisation problem.
Definition 1 (PDDL2.1 Planning Task with Costs). A
PDDL2.1 planning task with costs is a tuple ⟨Π, c⟩ where
Π = ⟨F,X, I,G,A⟩ and c : A × S(X) 7→ Q+

0 is a state-
dependent action cost-function.

A valid plan for ⟨Π, c⟩ is a sequence of actions π =
⟨a1, . . . , an⟩, where each ai ∈ A, such that there exists a se-
quence of states ⟨s0, . . . , sn⟩ satisfying s0 = I; for each i ∈
{1, . . . , n}, si−1 |= pre(ai) and si = γ(si−1, {ai}); sn |=
G. The cost of π is defined as cost(π) =

∑n
i=1 c(ai, si−1).

π is an optimal plan if and only if, for each valid plan π′ for
⟨Π, c⟩, cost(π) ≤ cost(π′).

Solving PDDL+ via Numeric Planning
Percassi, Scala, and Vallati (2023) proposed a method for
translating discrete-time PDDL+ into PDDL2.1 by emulat-
ing processes and events through actions. Particularly, they
introduced two translations, EXP and POLY, whose names
refer to the size of the resulting tasks.

This work leverages EXP, summarised below. We chose
EXP as it is simpler to present our results, and we believe the
more feasible POLY translation cannot support some of the
plan cost functions in the general case, as we will discuss
later. In the following, we assume δ ∈ Q+ given as an input
parameter.
Definition 2 (EXP Translation). Let Π be a PDDL+ plan-
ning task, EXP generates the new PDDL2.1 planning task
ΠEXP = ⟨F ∪ {fe}, X, I ∪ {fe}, G ∧ ¬fe, A′⟩, where each
element from A′ is detailed as follows.

A′ = AΠ ∪ASIM ∪ASIMEV ∪ {asatu}
AΠ = {aΠ = ⟨pre(a) ∧ ¬fe, eff(a) ∪ {fe}⟩ | a ∈ A}
ASIM = {aCSIM | C ∈P+(P )}
pre(aCSIM) =

∧
ρ∈P\C

¬pre(ρ) ∧
∧

ρ∈P∩C
pre(ρ) ∧ ¬fe

eff(aCSIM) = {⟨incr, v,
∑

⟨v̂,ξ⟩∈eff(ρ)
s.t. v̂=v, ρ∈C

ξ · δ⟩ | v ∈ X}

ASIMEV = {aESIMEV | E ∈P+(E)}
pre(aESIMEV) =

∧
ε∈E\E

¬pre(ε) ∧
∧

ε∈E∩E
pre(ε) ∧ fe

eff(aESIMEV) =
⋃

ε∈E∩E
eff(ε)

asatu = ⟨
∧
ε∈E
¬pre(ε) ∧ fe, {¬fe}⟩

ΠEXP is extended with the set of actions ASIM for handling
the simulation of temporal transitions, and ASIMEV ∪ {asatu}
for handling events triggering.

All the actions in ASIM correspond to the agent’s decision
to move time forward (waiting) and allow this to happen ac-
cording to the current context. Specifically, an action aCSIM

can be executed in a state if its context is equal to C. We enu-
merate all the possible contexts by examining the power set
of P excluding the empty one, i.e., P+(P ) = P(P ) \ {∅}.

Events may be triggered following the execution of an
action or the passage of time. To handle this, the variable
fe (force events) is set to true whenever an action from
AΠ ∪ ASIM is executed. Once set, it blocks the execution
of actions from AΠ ∪ ASIM and mandates the execution of
the sequence of actions ⟨SIMEV × k, asatu⟩ for handling the
(possible) cascades of events. Here, SIMEV×k denotes a se-
quence of k actions from ASIMEV where, under our assump-
tions concerning the events, k ∈ {0, . . . , |E|} represents the
length of the event cascade. Each application of aESIMEV deals
with a set of events E triggered simultaneously. Similarly to
the processes, E ∈P+(E).

Finally, asatu is applied when there are no more triggered
events to handle, restoring the applicability of actions from
AΠ ∪ ASIM. We remark that k = 0 when no events are trig-
gered, making asatu immediately applicable, while k = |E|
when all events trigger in cascade, one at a time.
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PDDL+ with a Plan Cost Function
In this section, we formalise PDDL+ with an objective func-
tion to minimise, i.e., a plan cost function. We introduce
four plan cost functions: makespan (MS), an arithmetic ex-
pression (ψ), roughness (RN), and swiftness for τ ∈ Q+

(SW(τ)). MS and ψ can be syntactically defined in PDDL+,
though a precise formulation for ψ is yet to be established.
Here, they are reframed for the discrete-time context.
Definition 3 (PDDL+ Planning Tasks with Cost Func-
tion). A PDDL+ planning task with cost function is a tu-
ple ΠC = ⟨Π,C⟩ where Π is a PDDL+ task and C ∈
{ψ,MS, RN, SW(τ)} is an objective function to minimise.

Given a plan πt for ΠC, its cost is denoted as costC(πt).
πt is an optimal plan if and only if, for each valid plan π′

t for
ΠC, costC(πt) ≤ costC(π′

t). Before addressing the formal
definitions, we introduce the running example that will be
used to showcase differences in plans induced by C.

Running Example
We consider the PDDL+ domain LINEAR-GENERATOR.
The goal is to run the generator for 1000 units of time, i.e.,
drun = 1000. However, the initial fuel is insufficient for this
task, but it can be replenished from the tanks T ∈ Tanks.
The running and refuelling activities are modelled as pro-
cesses, i.e., ρrun and ρref(T). These processes start and end
through pairs of actions and events. Refuel has a flexible du-
ration, expressed through dref(T) ≤ 10. The agent can initiate
a process by executing the actions

arun = ⟨¬run, {run, ⟨asgn, θrun, 0⟩}⟩
aref(T) = ⟨¬ref(T) ∧ ¬doneref(T), {ref(T), ⟨asgn, θref(T), 0⟩}⟩.

Both actions set the clock to track how much time the re-
lated processes remain active, i.e., θrun and θref(T). Further,
they make true the Boolean variables run and ref(T) activat-
ing the processes

ρrun =⟨run ∧ ⟨fuel > 0⟩, {⟨fuel,−1⟩, ⟨θrun, 1⟩}⟩
ρref(T) =⟨ref(T), {⟨fuel, 1⟩, ⟨θref(T), 1⟩, ⟨fuelDrawn, 1⟩}⟩.

When ρrun (ρref(T)) is active, it decreases (increases) fuel
with a unitary linear rate according to ⟨fuel,−1⟩ ∈ eff(ρrun)
(⟨fuel, 1⟩ ∈ eff(ρref(T))). Both processes increment their re-
spective clocks while processes ρref(T) track how much fuel
has been drawn according to ⟨fuelDrawn, 1⟩ ∈ eff(ρref(T)).
If the process ρrun lasts for drun, a special event marking the
achievement of the goal is triggered:

ε↓run = ⟨run ∧ ⟨θrun = 1000⟩, {¬run, achieved}⟩.

Since the refuelling activities have a flexible duration, the
agent has two possibilities for stopping them. In the first
case, it can wait until the maximum duration is reached,
causing the triggering of the event ε↓ref(T). Otherwise, the
agent can intentionally deactivate the process early using the
action a↓ref(T). ε↓ref(T) and a↓ref(T) are defined as

ε↓ref(T) = ⟨ref(T) ∧ ⟨θref(T) ≥ 10⟩, {¬ref(T), doneref(T)}⟩
a↓ref(T) = ⟨ref(T) ∧ ⟨θref(T) < 10⟩, {¬ref(T), doneref(T)}⟩.

time

ρrunρref(T1)

te = 1010

10 990

ρref(T2)

10

0.0 : aref(T1)

10.0 : ε↓ref(T1)

10.0 : arun

10.0 : aref(T2)

20.0 : ε↓ref(T2)

1010.0 : ε↓run

Figure 1: Plan πt for ΠGen. (Left) Graphical representation
of the plan (process durations are not in scale for readabil-
ity). (Right) Timestamped actions and events of πt.

Further, to prevent the fuel quantity from exceeding the gen-
erator’s capacity, an event for modelling the overflow is de-
fined as εof = ⟨⟨fuel > 1000⟩∧¬of, {of}⟩. If εof is triggered,
the goal becomes unachievable. Finally, we can express the
goal as G = ¬run ∧

∧
T∈Tanks ¬ref(T) ∧ achieved ∧ ¬of.

This means that no activity must be ongoing, the goal must
be achieved, and no overflow must have occurred.

We consider the planning task ΠGen with two tanks
Tanks = {T1,T2} and where the initial fuel level in the gen-
erator is 984. A valid plan πt for ΠGen discretised in δ = 1
is shown in Figure 1. The left side displays a graphical rep-
resentation of the plan over time, highlighting the activities
performed by the processes. The right side lists the timed
actions of the plan in the format “ti : action”. Events are
included.

Makespan (MS)
As PDDL+ is an approach to reasoning about time, the most
intuitive plan cost function to consider is the plan’s duration.
This is the primary objective in PDDL+ and temporal plan-
ning, and is of interest in hybrid planning as well (Chen,
Williams, and Fan 2021). Minimising the makespan would
be beneficial in human-robot interaction scenarios, where
shorter plans facilitate the human’s recognition of operations
(Capitanelli et al. 2018) and in traffic control applications,
where there is the need to efficiently move a specific volume
of vehicles in the least amount of time (Percassi et al. 2023).

Given a valid plan πt = ⟨π, te⟩ for ΠMS, its cost can be
simply defined as costMS(πt) = te.

Makespan-Optimal Plan We couple the running exam-
ple with the plan cost function MS, defining ΠMS

Gen, and
evaluate the plan accordingly. Unsurprisingly, plan πt (Fig-
ure 1) is suboptimal; its duration is 1010 time units, i.e.,
costMS(πt) = 1010, because the first refuel activity involv-
ing T1 is completed before the generator run has started.

An MS-optimal plan πMS
t is provided in Figure 2. This plan

contextually starts the first refuelling and the generator, lead-
ing to a total duration of 1000 time units.

Arithmetic Expression (ψ)
In this section, we introduce a cost function based on ar-
bitrary arithmetic expressions ψ, defined over the numeric
variables of the planning task. Optimising ψ enables the
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time

ρrun

ρref (T1)

te = 1000

10 980

ρref (T2)

10

0.0 : arun

0.0 : aref(T1)

10.0 : ε↓ref(T1)

10.0 : aref(T2)

20.0 : ε↓ref(T2)

1000.0 : ε↓run

Figure 2: Optimal plan πMS
t for ΠMS

Gen having costMS(πMS
t ) =

1000. (Left) Graphical representation of the plan. (Right)
Timestamped actions and events of πt.

specification of diverse cost criteria, such as energy con-
sumption or resource usage, which may not be directly re-
lated to makespan. For instance, in the PDDL+ formulation
of the Urban Traffic Control problem (Percassi et al. 2023),
one can define a numeric variable, wastedGreen, which in-
creases whenever a green phase is active at an intersec-
tion, but cannot be exploited, either because no vehicles are
present in the feeder link, or because the receiver link is
congested. Minimising wastedGreen encourages traffic light
phases that reduce ineffective green time, potentially leading
to improved throughput in ways that differ from simply min-
imising makespan.

In the following, we formally define how the cost of a plan
can be evaluated for a given expression ψ, and how it can be
computed incrementally by analysing the state transitions in
the plan projection. Similarly to the numeric case, ψ can be
syntactically any arithmetic expression. However, we focus
on cases where the transition costs induced by ψ are non-
negative. In practice, as illustrated in the traffic control and
generator examples, this is ensured by defining ψ over vari-
ables whose values increase monotonically over time, such
as cumulative quantities.

Let πt be a valid plan for Πψ . To define its cost given
ψ, we compute the plan projection H and evaluate the value
of ψ in the final state, i.e., costψ(πt) = Hs(Tm)[ψ], where
Tm is the last STP of H. Nevertheless, the plan cost can be
computed incrementally, as in PDDL2.1, by considering all
transitions (events, actions, and processes) that affect ψ. To
formally define this, we need some additional notation.

Given an action a, we denote by effψ(a) ⊆ eff(a) those
effects of a which affect ψ. Events and processes happen
in parallel, so we reason in terms of context C ⊆ P and
triggered events E ⊆ E. For processes, given a context C, we
denote by effψ(C) the discrete-time effects of C affecting ψ
(collected according to Equation 1), and similarly, for a set
of triggered events effψ(E). Finally, we denote by ψ|effψ(z)

the expression obtained by applying all effects in effψ(z) to
ψ, that is, by replacing every variable v occurring in ψ with
the corresponding right-hand side ξ from each assignment
⟨v := ξ⟩ in effψ(z). Here, z may refer to an action, a context,
or a set of events. By exploiting these definitions, we can
define a state-dependent “cost” function cψ : A∪P+(E)∪
P+(P )× S(X) 7→ Q as

cψ(z, s) = (ψ|effψ(z) − ψ)[s], (2)

where the cost of z is calculated as the difference between
the value of ψ after the transition caused by z and its value
before the transition. This definition does not depend on the
particular form of ψ or the effects involved, and without
making further assumptions, there can be situations where
no optimal plans exist. Therefore, similarly to PDDL2.1,
we require cψ to only produce non-negative costs, i.e., cψ :
A ∪P+(E) ∪P+(P )× S(X) 7→ Q+

0 .
To calculate the plan cost, we enumerate all the STPs as-

sociated with a plan projection H, i.e., TH, and for each of
them, sum the contribution provided by Equation 2. To do
this it is essential to distinguish, from the ordered set of STPs
TH, which refers to a temporal transition.
Definition 4 (Temporal Transitions Set). Let πt be a
PDDL+ plan for Π and H its plan projection defined over
TH = {T0, . . . , Tm}. The temporal transitions set of H is
defined as the ordered set Θ(H) = {Ti ∈ TH | i ∈
{0, . . . ,m− 1}, Ti.INCRTIME(δ) = Ti+1}.

Intuitively, we collect all STPs whose successors are ahead
in time by a duration δ.
Definition 5 (PDDL+ Plan Cost for Πψ). Let πt be a
PDDL+ plan for Πψ , H its plan projection defined over
TH = {T0, . . . , Tm} and Θ(H) the temporal transitions set
of H as for Definition 4. Then:

costψ(πt) =
m∑
i=0

cψ(Z(H, Ti),Hs(Ti)), where

Z(H, T ) =


C(T ) if T ∈ Θ(H)

E(T ) if HA(T ) = ∅
HA(T ) otherwise.

Intuitively, the formula calculates the cost of a plan by
summing the individual costs associated with each STP T in
TH. The function Z(H, T ) acts as a selector that determines
which element from A ∪P+(E) ∪P+(P ) refers to T . If
T corresponds to a temporal transition, Z selects the context
of T ; if no action is associated with T , it chooses the events
triggered by T ; otherwise, it selects the action HA(T ) = a.

ψ-Optimal Plan We consider the planning task from the
running example and define the cost function to minimise
the amount of fuel drawn from the tanks, that is, ΠψGen with
ψ = fuelDrawn. The only elements in the planning task af-
fecting ψ are the processes ρref(T1) and ρref(T2). In partic-
ular, by applying Equation 2, we compute the cost associ-
ated with the temporal transitions induced by the contexts
{ρref(T1)}, {ρref(T2)}, and their combination. Since these
processes affect fuelDrawn with a constant linear rate, the
cost of each corresponding temporal transition is constant
and independent of the state in which it occurs. Thereby,
we have cψ({ρref(T)}, s) = δ = 1 for both tanks, indepen-
dently of the state s. If refuelling involves both tanks simul-
taneously, then cψ({ρref(T1), ρref(T2)}, s) = 2. The plans πt
and πMS

t in Figures 1-2 are both suboptimal for ψ as the
refuelling activities last for the maximum duration. Thus,
costψ(πt) = costψ(πMS

t ) = 20.
Figure 3 shows a ψ-optimal plan, πψt , with minimised re-

fuelling durations. Since I[fuel] = 984, each refuelling must
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time

ρrunρref(T1)

te = 1008

8 992

ρref (T2)

8

0.0 : aref(T1)

8.0 : a↓ref(T1)

8.0 : aref(T2)

8.0 : arun

16.0 : a↓ref(T2)

1008.0 : ε↓run

Figure 3: Optimal plan πψt for ΠψGen having costψ(πψt ) = 16.
(Left) Graphical representation of the plan. (Right) Times-
tamped actions and events from πψt .

last at least 8 time units to reach the goal. Notably, this plan
terminates refuelling using the actions a↓ref(T ) rather than
the events ε↓ref(T ), which are triggered upon reaching the
maximum duration. Consequently, costψ(πψt ) = 16.

Roughness (RN) and Swiftness (SW(τ))
Plan cost functions can be defined by drawing inspiration
from the concept of average dwell time (ADT), which refers
to the average time a hybrid automaton remains in a specific
mode of operation before switching to another mode (Morse
1996; Hespanha and Morse 1999). ADT is widely used in the
design of stable controllers, ensuring that a system stays in
a mode for at least τ time units, thereby limiting frequent
switching that can lead to instability (Mitra and Liberzon
2004). In PDDL+, we propose an analogous concept where
a context, defined as a set of active processes, represents the
system’s current mode. A change in context, induced by the
activation or deactivation of processes, reflects a shift in sys-
tem dynamics. To adapt ADT to PDDL+, we define two plan
cost functions: roughness and swiftness.

Roughness (RN) counts the number of context switches
in a plan, encouraging plans with fewer dynamic transitions.
The more changes, the higher the RN. A plan with high RN
is one where the system keeps shifting its behaviour, jump-
ing from one dynamic to another, while a low-RN plan stays
steady longer. To illustrate the relevance of this notion, we
sketch some potential applications in domains where fre-
quent changes are undesirable and stability is important. For
example, in traffic signal optimisation, low-RN plans pro-
duce stable signal configurations, avoiding frequent changes
that are often unacceptable to authorities and challenging to
implement due to infrastructure constraints (Kouaiti et al.
2024). Similarly, in railway planning, frequent switches in
engine modes (e.g., accelerating, braking) can reduce the
mechanical lifespan of costly equipment. By minimising RN,
plans reduce mechanical stress.

While RN is inspired by the idea of ADT, it does not in-
corporate an explicit temporal dimension; to more closely
capture the timing aspects central to ADT, we introduce a
complementary plan cost function called swiftness. Given
a temporal threshold τ > 0, Swiftness (SW(τ)) penalises
contexts that persist for less than τ time units, encouraging
longer durations between switches. This reflects the spirit of
ADT in hybrid systems, which ensures stability by requiring

that, on average, switches do not occur too frequently.

Roughness (RN) The first definition we need is the set of
STPs in TH associated with a context switch.
Definition 6 (Context Switch Set). Let H be a plan pro-
jection and Θ(H) = {T ′

0, . . . , T
′
θ} the temporal transi-

tion set of H. The context switch set of H is defined as
Λ(H) = {T ′

i ∈ Θ(H) | i ∈ {1, . . . , θ}, C(T ′
i ) ̸= C(T ′

i−1)}.
Intuitively, Λ(H) is defined as the set of all STPs T ′

i in
Θ(H) such that the context at T ′

i−1 differs from that at T ′
i .

Definition 7 (PDDL+ Plan Cost for ΠRN). Let πt = ⟨π, te⟩
be a PDDL+ plan for ΠRN, H its plan projection and Λ(H)
the context switch set of H. Then:

costRN(πt) =

{
0 if te = 0

1 + |Λ(H)| otherwise.

We assume that the first temporal transition is a context
switch, so when the makespan is greater than 0, the mini-
mum roughness is 1. For plans with no duration (including
the empty plan), roughness is 0.

Swiftness (SW(τ)) To define the cost of a plan for SW(τ),
we must extend the set Λ(H) by adding the initial and ending
STPs of H, i.e., T0 and Tm. We denote such an ordered set
as Λ(H) = {T0} ∪ Λ(H) ∪ {Tm} = {⟨T̂0, . . . , T̂λ⟩}.
Definition 8 (PDDL+ Plan Cost for ΠSW(τ)). Let πt be a
PDDL+ plan for ΠSW(τ), H its plan projection and Λ(H) =
{⟨t̂0, ·⟩, . . . , ⟨t̂λ, ·⟩} the extended set of Λ(H). Then:

costSW(τ)(πt) =
∑

i∈{1,...,λ}

[t̂i − t̂i−1 < τ ],

where [P ] is the Iverson bracket that returns 1 when condi-
tion P is true, 0 otherwise.

For example, consider two consecutive STPs in Λ(H), i.e.,
T̂i−1 = ⟨t̂i−1, ·⟩ and T̂i = ⟨t̂i, ·⟩. The duration of the active
context at T̂i−1 before it changes at T̂i is calculated as t̂i −
t̂i−1. By counting the instances where this duration is below
τ , we obtain the plan cost for SW(τ).

Roughness-Optimal Plan We consider the planning task
from the running example, where the objective is to min-
imise RN, denoted as ΠRN

Gen. Figures 4a-4b show a RN-
optimal plan, πRN

t , where all refuelling activities are paral-
lelised to reduce the number of context switches. Below, we
explain how the cost of πRN

t can be derived using the defini-
tions introduced earlier.

We begin by constructing the plan projection H from
πRN
t and deriving the corresponding TH using Algorithm

1. Figure 4c illustrates H and TH. The x-axis shows all
STPs from TH. A single arrow represents an instantaneous
transition caused by either an action or an event, denoted
as ITA and ITE, respectively. For example, T0 = ⟨0, 0⟩
corresponds to an ITA from the application of ⟨arun, 0⟩,
producing T1 = ⟨0, 1⟩. Similarly, T13 = ⟨10, 0⟩ corre-
sponds to an ITE triggered by ⟨ε↓ref(T1), 10⟩, resulting in
T14 = ⟨10, 1⟩. A double arrow indicates a sequence of
temporal transitions (TTs), during which a context persists.
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ρref(T1)

te = 1000
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C1 C2

ρref(T2)

(a)

0.0 : arun

0.0 : aref(T1)

0.0 : aref(T2)

10.0 : ε↓ref(T1)

10.0 : ε↓ref(T2)

1000.0 : ε↓run

(b)

T0

Θ(H) Λ(H) Λ(H)

T1 T2

apply
arun

apply
aref

trigg
ε↓ref

T12 T13 T1004 T1005 T1006

trigg
εrun

C1 C2
apply
aref

T3
· · ·

trigg
ε↓ref

T14 T15
· · ·

STPs

10δ 990δ

T1 T2 T1 T2

(c)

Figure 4: Optimal plan πRN
t for ΠRN

Gen having costRN(πRN) = 2. (a) Graphical representation of the plan. (b) Timestamped actions
and events of πRN

t . (c) Graphical depictions of H and TH induced by πRN
t . Arrows indicate ITAs and ITEs. Double arrows denote

sequences of TTs with the same context. STPs from Θ(H) are highlighted in blue, Λ(H) in red and Λ(H) in green.

For instance, over the time interval (0, 10), linked to STPs
{T3, . . . , T13}, the context driving the numeric variables is
C1 = {ρrun, ρref(T1), ρref(T2)}.

Overall, πRN
t generates three ITAs, three ITEs, and 1000

TTs, resulting in TH = {T0, . . . , 1006}. By applying Defi-
nition 4, we restrict TH to obtain the set of STPs associated
with TTs, i.e., Θ(H) = {T3, . . . , T12} ∪ {T15, . . . , T1004}.
From this set, the only STP involving a context switch is T15,
i.e., Λ(H) = {T15}. Specifically, C1 = C(T12) ̸= C(T15) =
C2 = {ρrun} due to the end of the refuelling activities.
The new context, C2, persists throughout the time interval
(10, 1000), corresponding to STPs {T15, . . . , T1004}. Now,
we can compute the cost of πRN

t for RN as costRN(πRN
t ) =

1 + |Λ(H)| = 2. Interestingly, in this domain, minimising
RN naturally promotes the parallelisation of activities.

Finally, we calculate the plan cost for SW(τ) when τ =
10. First, we extend Λ(H) to include the initial and final
STPs of H, resulting in Λ(H) = {T0, T15, T1006}. Using
Definition 8, we observe that πRN

t is also SW(τ)-optimal be-
cause both contexts C1 and C2 persist for at least τ . Specif-
ically, C1 persists for t15 − t0 = 10 ≥ τ , and C2 for
t1006 − t15 = 990 ≥ τ . Thus, costSW(τ)(πRN

t ) = 0.

Cost-Preserving Translations to PDDL2.1
This section describes how to translate a PDDL+ task with
a cost function into an equivalent PDDL2.1 task with costs,
in a cost-preserving fashion. This enables the use of cost-
optimal numeric planners for PDDL+ tasks. The translation
EXP (Definition 2) serves as the basis.

Given a plan cost function C and a translation Z from
discrete-time PDDL+ to PDDL2.1, we denote by ZC the
variant of Z incorporating C. Given ΠC, we denote by ΓC

Z

the numeric planning task obtained by applying ZC to ΠC.
We refer to a plan for ΓC

Z as πC
Z .

Definition 9 (Cost-Preserving Translation). A translation Z
is cost-preserving for C if, for every task ΠC, there is a bijec-
tion between its valid plans and those of the corresponding
task ΓC

Z , such that both have the same cost.

To ease the following proofs about the cost-
preservingness of the C-aware variants of EXP, we
leverage Theorem 1 provided by Percassi, Scala, and Vallati
(2023). Theorem 1 proves the soundness and completeness

of EXP through a proof by construction showing how to get
a valid plan πt for Π into one, namely πEXP, valid for ΠEXP

(and vice versa). A by-product of the proof is that we have
the state trajectories induced by plans ⟨πt, πEXP⟩ equivalent
over F ∪X . This is the outcome of the following lemma.
Lemma 1. Let Π be a PDDL+ planning task and ΠEXP the
PDDL2.1 planning task obtained by applying EXP. Then,
there exists a bijection between the valid plans of Π and
ΠEXP such that τ , the state trajectory generated by collecting
each state from the plan projection of πt, and τ ′, the state
trajectory generated by iteratively applying the plan πEXP,
are equivalent over F ∪X .

Proof. The proof of the Lemma relies on the operational
construction of a mapping between the plans of Π and ΠEXP,
presented below.

(From πt = ⟨π, te⟩ to πEXP) For all actions ⟨a, t⟩ from π,
we add the corresponding compiled action aΠ ∈ AΠ in πEXP

following the original order given by π. Furthermore, we ap-
pend to every aΠ the sequence ⟨SIMEV×k, asatu⟩ simulating
the events triggering. For each temporal transition induced
by πt, we add the sequence ⟨aCSIM⟩+ ⟨SIMEV×k, asatu⟩ sim-
ulating the effects of both processes and events.

(From πEXP to πt) For each action aΠ in πEXP, which be-
longs to AΠ, we add the timestamped action ⟨a, t⟩ in πt,
where a ∈ A is the original action from which aΠ has
been derived, and t is equal to the number of actions from
ASIM preceding aΠ multiplied by δ. As previously done,
we achieve this by preserving the order of actions as in
πEXP. Similarly, the number of actions from ASIM in πEXP

multiplied by δ gives us the makespan te. We consider
⟨πt, πEXP⟩ for Π and ΠEXP, constructed as above, equivalent.
The demonstration of the equivalence of the state trajecto-
ries induced by πt and πEXP is a direct consequence of the
mapping, and the full proof can be found in Theorem 1 from
the work by Percassi, Scala, and Vallati (2023).

Makespan in PDDL2.1
The EXP translation can be easily adapted to handle the
makespan minimisation. Given a PDDL+ planning task
ΠMS, the translation EXPMS generates the PDDL2.1 plan-
ning task with costs ΓMS

EXP = ⟨ΠEXP, c
MS
EXP⟩ in which ΠEXP

is generated according to Definition 2 and cMS
EXP(a) = δ if

a ∈ ASIM, 0 otherwise. Since the actions from ASIM are the
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ones that advance time, they have a cost equal to δ, while all
the others have zero cost.
Theorem 1. EXPMS is cost-preserving w.r.t. MS.

Proof Sketch. It is easy to see that the total cost of the plan
πMS

EXP is equal to te, as each temporal transition from πt corre-
sponds to multiple occurrences of an action from ASIM, each
with a cost of δ. The total number of occurrences is te

δ .

ψ in PDDL2.1
Similarly to the makespan case, handling ψ through transla-
tion can be achieved by extending ΠEXP with an action cost
function, which in this case must be state-dependent.

Definition 10 (Translation EXPψ). Let Πψ be a PDDL+
planning task, EXPψ generates a PDDL2.1 planning task
ΓψEXP = ⟨ΠEXP, c

ψ
EXP⟩ where ΠEXP is defined as for Definition

2, and cψEXP is a state-dependent cost function defined for an
action a⋆ and a state s as

cψEXP(a
⋆, s) =


cψ(a, s) if a⋆ = aΠ ∈ AΠ

cψ(E , s) if a⋆ = aESIMEV ∈ ASIMEV

cψ(C, s) if a⋆ = aCSIM

0 if a⋆ = asatu.

Referring to the above definition, the function cψEXP ex-
tends the cost model defined by cψ (see Equation 2) to the
compiled actions in the PDDL2.1 encoding generated by
the EXP translation. It distinguishes among four categories
of compiled actions.

First, when a⋆ is a compiled action aΠ ∈ AΠ, derived
from an action a ∈ A in the original PDDL+ task, the cost
is directly inherited from the original model as cψ(a, s). Sec-
ond, when a⋆ is a compiled action aESIMEV handling a set of
triggered events E , its cots is defined as cψ(E , s). Third, if a⋆
is a wait action aCSIM associated with a context C, then its cost
is given by cψ(C, s). Finally, since asatu is a spurious action
that does not affect the ψ, its cost is 0.
Theorem 2. EXPψ is cost-preserving w.r.t. ψ.

Proof Sketch. Using Lemma 1, we can show that for any
pair of equivalent plans ⟨πt, πψEXP⟩ for Πψ and ΓψEXP, the cost
of πt is equal to that of πψEXP. In particular, for every action
⟨a, t⟩ of πt, there exists a corresponding action in πψEXP ap-
plied in an equivalent state with respect to F ∪ X due to
Lemma 1. This guarantees that the action costs are equal.
Furthermore, for every temporal transition induced by πt
with context C(T ), there is a matching action aCSIM in πψEXP.
Since the compiled task ensures that only the action aC(T )

SIM is
applicable in that context, the temporal transition and aC(T )

SIM

produce the same cost. The same argument applies to instan-
taneous transitions associated with triggered events. This
leads us to conclude that costψ(πt) = cost(πψEXP).

A natural question arises as to whether the same cost ex-
tension can be applied to POLY, the polynomial encoding
proposed by Percassi, Scala, and Vallati (2023), in which

processes are simulated sequentially. Currently, we do not
have an answer to this question, as defining a cost-aware
version of this translation would require prior knowledge of
the cost associated with each temporal transition in a given
context. However, we believe that such an extension may be
possible for specific restricted fragments of ψ, and we plan
to explore this direction as part of our future work.

Roughness and Swiftness in PDDL2.1
To address RN and SW(τ), it is not sufficient to adjust the
cost function for the actions added by EXP; a more struc-
tural change in the translation is required. Our approach for
both RN and SW(τ) involves tracking the current and pre-
vious context during each temporal transition to detect con-
text switches. For RN, we increase the cost only if the two
contiguous contexts differ, which we achieve by adding two
mutually applicable actions. We will primarily focus on the
translation for RN and use it as a foundation for SW(τ).

Definition 11 (Translation EXPRN). Let ΠRN be a PDDL+
planning task, EXPRN generates a PDDL2.1 planning task
ΓRN

EXP = ⟨⟨F ′, X ′, I∪{fe}, G′, A′⟩, cRN
EXP⟩ where each element

is detailed as follows.

F ′ = F ∪ {h, syn, fe}
X ′ = X ∪XP ∪Xo

P

XP = {xρ | ρ ∈ P} Xo
P = {xoρ | ρo ∈ P}

G′ = G ∧ ¬h ∧ ¬syn ∧ ¬fe

A′ = A′′ ∪ARN-SIM ∪ {a=, a ̸=, acopy}
A′′ = {⟨pre(a) ∧ ¬h, eff(a)⟩ | a ∈ AΠ ∪ASIMEV ∪ {asatu}}
ARN-SIM = {aCRN-SIM = ⟨pre(aCSIM) ∧ ¬h, eff(aCSIM) ∪ {syn, h}∪

{⟨asgn, xρ, [ρ ∈ C]⟩ | ρ ∈ P}⟩ | aCSIM ∈ ASIM}
a= = ⟨

∧
ρ∈P
⟨xρ = xoρ⟩ ∧ syn, {¬syn}⟩

a ̸= = ⟨
∨
ρ∈P
¬⟨xρ = xoρ⟩ ∧ syn, {¬syn}⟩

acopy = ⟨¬syn ∧ h, {⟨asgn, xoρ, xρ⟩ | ρ ∈ P} ∪ {¬h}⟩

The sets AΠ, ASIM, ASIMEV and {asatu} are defined as Defini-
tion 2, while the action cost function is defined as cRN

EXP(a) =
1 when a = a ̸=, 0 otherwise.

EXPRN extends X by adding XP ∪ Xo
P , which includes

numeric variables xρ and xoρ for each process ρ ∈ P . These
variables, with a domain of {0, 1}, indicate whether a pro-
cess is active (1) or inactive (0). For each simulated temporal
transition, XP and Xo

P store the current and previous con-
text, respectively, in binary form.

The actions previously in ASIM are now part of ARN-SIM

with two functions: (i) advancing time, and (ii) storing the
current context into XP . Here, [ρ ∈ C] is an Iverson bracket
that returns 1 if ρ ∈ C, and 0 otherwise.

To move time forward, the agent must execute the triplet
⟨aCRN-SIM, a

⋆, acopy⟩, where a⋆ ∈ {a=, a ̸=} based on whether
a context switch has just occurred. This specific order is en-
forced by Boolean variables syn (synchronise) and h (halt).
The action aCRN-SIM updates the numeric variables, accord-
ing to C, and XP to reflect active processes in the current
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temporal transition. The second action, a⋆, signals whether
the context has changed. If the context matches the previous
one, a⋆ = a= (condition entailed by

∧
ρ∈P ⟨xρ = xoρ⟩). If

the context has changed, a⋆ = a ̸= (
∨
ρ∈P ¬⟨xρ = xoρ⟩). The

final action, acopy, copies the current context stored in XP

into Xo
P to track future temporal transitions.

All actions have a cost of 0, except for a ̸=, which is ex-
ecuted whenever a context switch occurs between consecu-
tive temporal transitions and incurs a unitary cost.

Theorem 3. EXPRN is cost-preserving w.r.t. RN.

Proof Sketch. First, (i) we show that Lemma 1 for EXP gen-
eralises to EXPRN by defining a pair of equivalent plans for
this translation. Then, (ii) we show the cost equivalence.

For (i) let πt be a plan for ΠRN. The equivalent plan
πRN

EXP for ΓRN
EXP is derived using the same mapping as for

EXP, except that the time-advancing action aCSIM is replaced
by a triplet ⟨aCRN-SIM, a

⋆, acopy⟩. Mapping from πRN
EXP to πt

uses the same approach as for EXP, omitting the actions
{a=, a ̸=, acopy}. Since the extensions introduced by EXPRN

do not affect F ∪X , any valid plan for ΠRN still corresponds
to a valid one for ΓRN

EXP and vice versa. Moreover, if we col-
lapse the triplet ⟨aCRN-SIM, a

⋆, acopy⟩ into a single transition,
we observe that Lemma 1 generalises for EXPRN as a⋆ and
acopy do not interfere with variables F ∪X .

(ii) The cost of πt is determined by the number of con-
text switches (plus one) while πRN

EXP depends on the occur-
rences of a ̸=. As shown for (i), the numeric variables re-
main synchronised throughout the traces of πt and πRN

EXP as
the machinery actions do not affect them. This ensures that,
for each contiguous pair of temporal transitions induced by
πt, with the previous context Co and the current context C,
the variables Xo

P and XP track the binary representations
of Co and C after applying the corresponding action aCRN-SIM,
and vice versa. This implies that every context switch be-
tween Co and C will always be associated with a⋆ = a ̸=.
Since for ΠRN we have that for each ρ ∈ P , I[xoρ] = ⊥, the
first temporal transition always involves a ̸=. It follows that
costRN(πt) = cost(πRN

EXP).

The handling of SW(τ), can be done by building on the
translation EXPRN. For the sake of brevity, we sketch the pro-
cedure. We introduce a novel numeric variable θ, namely
the context clock, to track the duration for which a context
remains active before switching. θ is increased by δ every
time a temporal transition occurs without causing a context
switch, i.e., when a= is applied. Moreover, the action a ̸=,
associated with a context switch, is split into two mutually
exclusive actions, i.e., {a ̸=<, a

̸=
≥}. a

̸=
< is executed when the

last context persisted for a quantity less than τ , i.e., ⟨θ < τ⟩.
a ̸=≥ is executed in the opposite case. Both actions reset the
counter to δ. All actions have a cost of 0, except for a ̸=<,
which incurs a unitary cost.

Combining Plan Cost Functions
Combining the introduced plan cost functions can be advan-
tageous in some cases. For instance, minimising only the

makespan may lead to energy-consuming plans, while min-
imising roughness alone could result in excessive response
times. Thus, we consider a general case where C is a linear
combination of the discussed plan cost functions.

Let C be defined as a linear combination of ψ, MS, and
RN. We can encode ΠC as a PDDL2.1 planning task, since
all costs are additive. Specifically, we set C = α0 ·MS +α1 ·
ψ+α2 · RN. To generate the cost-preserving variant of EXP,
we create the PDDL2.1 planning task ΓC

EXP = ⟨ΠRN
EXP, c

C
EXP⟩,

where ΠRN
EXP is obtained by using EXPRN (Definition 11). The

state-dependent cost function cCEXP for an action a⋆ and a
state s is defined as generalisation of the one from Defini-
tion 10:

cCEXP(a
⋆, s) =


α1 · cψEXP(a, s) if a⋆ = a′ ∈ A′′

α0 · δ + α1 · cψ(C, s) if a⋆ = aCRN-SIM ∈ ARN-SIM

α2 if a⋆ = a ̸=

0 otherwise

where, in the first case, a ∈ AΠ ∪ ASIMEV ∪ {asatu} is the
action from which a′ ∈ A′′ was obtained.

Conclusion
To promote the use of PDDL+ in real-world applications,
we formalised a set of cost functions to guide plan gener-
ation and fill the gap in formal and practical support for
cost-based planning. We considered a diverse set of cost
functions, ranging from traditional metrics like makespan to
novel ones inspired by hybrid automata, that reflect the ex-
pressiveness of PDDL+. To assess their practicability, we
integrated them within a translation-based approach.

Our starting point was an existing translation, namely
EXP, from discrete-time PDDL+ to PDDL2.1. We modi-
fied this translation to make it cost-aware, meaning that the
cost of a plan in the compiled task corresponds exactly to the
cost in the original task. This result suggests, in principle,
that it is possible to leverage cost functions during plan gen-
eration, rather than only for post hoc evaluation. Moreover,
it enables the use of existing PDDL2.1 planning engines not
only for goal achievement, but also for cost-sensitive plan-
ning in PDDL+.

However, while this translation provides a bridge be-
tween PDDL+ with cost functions and PDDL2.1, it also
has some limitations. The translation we considered is ex-
ponential in the input size, which makes it impractical for
larger planning instances. For this reason, we plan to in-
vestigate whether, and to what extent, cost preservation can
be achieved through more compact translations. As a more
scalable alternative, we intend to explore the POLY transla-
tion, which yields a feasible encoding but produces polyno-
mially longer plans, a known drawback in plan generation.

Future work will focus on turning these results into prac-
tice. First, we plan to implement our framework and experi-
mentally evaluate its performance. Second, we aim to extend
existing planning engines with native support for cost func-
tions, enabling more efficient and cost-aware reasoning. Fi-
nally, we are interested in studying how the definitions of
cost functions can be adapted to support continuous-time
PDDL+ semantics, which introduce different challenges
compared to the discrete-time setting.
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